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Liquid chromatography coupled with tandem mass spectrometry (LC-MS/MS)
1 is currently the predominant technology used to identify proteins and their modifications (1) (2) (3) . The most successful approach for interpreting tandem mass spectra involves searching the database of known protein sequences (4 -9) . Other approaches include the databaseindependent de novo peptide sequencing (10 -13) and the hybrid sequence tag-based approach (14 -16) . However, in a typical shotgun proteomics experiment, only ϳ10 -30% of the tandem mass spectra can be successfully identified, and the remaining majority is discarded (17) . Many factors contribute to the complexity of protein digests and the low identification rate of tandem mass spectra (18) . Understanding the origin and identity of the unidentified spectra is of great importance in expanding our knowledge about biological systems and sample processing protocols. Nesvizhskii et al. (19) have shown that by properly mining the unidentified spectra, insights can be gained that are of interest to biologists, such as identification of post-translational modifications, sequence polymorphisms, and novel peptides. The presence of unanticipated protein modifications being a crucial reason for the low spectral identification rate has been demonstrated by many studies (20 -22) . A recent study of human proteome samples estimated that there are 8 -12 modified versions for each unmodified tryptic peptide (23) . Efficient and comprehensive detection of protein modifications has become one of the most important and challenging problems in MS/MSbased proteomics.
Conventional database search engines for protein identification, e.g. SEQUEST (4), were originally designed to identify unmodified peptides. To identify peptides with dynamic modifications, the search mode that allows variable modifications was introduced by Yates et al. (24, 25) , in which a list of variable modifications are specified by the user and all possible forms of modified peptides are exhaustively enumerated and scored against the input mass spectrum. This is the so-called restrictive approach to modification identification, which has been very successful in identifying proteins with limited modifications and has greatly accelerated the development of proteomics in the past decade. However, as the research focus of the field shifts from identification of protein sequences to characterization of protein modifications, the restrictive approach begins to show problems. For instance, unless protein enrichment is conducted for certain targeted modifications, it is difficult to guess which types of modifications are actually present in a sample. In most cases, oxidation of methionine is the only additional variable modification specified for database searches. On the other hand, considering a large number of variable modifications simultaneously in a search exponentially increases the number of candidate peptides, and thus dramatically degrades the search speed and raises the level of random matches. As of November 22, 2010 , there are 660 entries for known modifications in the Unimod database (26) . However, for the reason above, popular search engines such as SEQUEST (4) and Mascot (5) allow no more than ten variable modification types in one search.
To alleviate the exponential explosion problem of restrictive modification identification, an approach involving iterative database searches was proposed (27, 28) . In this approach, a basic search is first performed against the whole protein database of interest with as few variable modifications specified as possible. Then, a refinement search considering an extensive list of variable modifications is performed against a much smaller database that consists of proteins identified by the basic search. Using this strategy, the search speed and the number of allowed modifications increase considerably. However, if a protein fails to be identified in the basic search, its potential modifications will be missed. More importantly, this approach still requires the user to specify a list of modifications. Modifications not included in this list, e.g. novel ones, cannot be detected.
To overcome the above shortcomings of restrictive modification identification, various unrestrictive approaches have been devised in recent years. The most straightforward approach is the modification-tolerant database search, in which all peptides in a database, rather than only the ones matching the observed precursor mass, are compared with the input spectrum, and putative modifications are introduced to account for the offset of precursor masses. The algorithms or tools belonging to this approach include MS-alignment (20, 29, 30) , Protein Prospector (22, 31), P-Mod (32), Interrogator (33), TwinPeaks (34), SeMoP (35) , and PTMap (36) . Obviously, because removal of the restriction on precursor masses greatly enlarges the search space, this approach is generally applicable to very small databases.
Another unrestrictive approach is based on sequence tags. With this approach, a partial sequence of a possibly modified peptide is first recovered by de novo sequencing. Then, the partial sequence is used as a tag to locate the full peptide sequence. Finally, one or more unanticipated modifications may be inferred according to the remaining mass difference between the full peptide sequence and the observed species. Examples of this approach include OpenSea (37), SPIDER (38) , MODi (39), UStag (40) , and the Point process model (41) . Although this approach is very promising, its applicability is limited because it completely relies on the accuracy of sequence tags, which in turn rely on the quality of spectra. Indeed, de novo sequencing still has limited capabilities and is not as practical as the conventional database search approach.
The third unrestrictive approach is spectral matching, i.e. spectral clustering or library search. This approach takes advantage of the important fact that the modified and unmodified versions of the same peptide often exist simultaneously in a protein sample (21) . Although the mass spectra produced by the modified and unmodified versions are different, they are often similar to each other, especially when the peak shifts caused by the modification are taken into account. The Spectral-Networks algorithm of Bandeira et al. (42, 43) uses spectral alignment (29) to detect spectral pairs produced from unmodified and modified versions of peptides. These spectral pairs are then constructed into networks of related spectra, from which more informative virtual spectra can be generated to facilitate de novo peptide sequencing, and also unanticipated modifications can be identified by propagation of database search results. Similarly, the Bonanza algorithm of Falkner et al. (44) uses an improved version of the common spectral-dot-product similarity with shifted mass matching window to cluster related spectral pairs. Ahrne et al. (45) proposed to construct an online library of spectra confidently identified by sequence database search and subsequently search the remaining unidentified spectra against the spectral library with a very large precursor mass tolerance. However, the library search tool that they used, SpectraST (46), was not designed for this open search mode, and thus its ability to identify unanticipated modifications was limited. Recently, Ye et al. (47) reported a deliberate open library search tool, pMatch, which took into account several factors to tolerate unanticipated modifications and showed much better performance than SpectraST.
Although the above approaches to unrestrictive modification identification are attractive and useful, they have two disadvantages. First, they involve open search or matching of the fragmentation spectra and are thus computationally expensive. Moreover, their performances greatly depend on the quality of fragmentation spectra. Some modifications, however, can significantly change the fragmentation patterns of peptide ions, resulting in spectra that are either of low quality or very different from those of unmodified peptides. For example, phosphorylated peptides often undergo insufficient backbone fragmentation under collision-induced disassociation, resulting in spectra dominated by neutral-loss peaks of precursors. Second, the above approaches completely ignore the retention time information provided by LC-MS/MS. The retention time of a peptide is mainly determined by the hydrophobicity of the peptide and thus has discriminative power in peptide identification. Smith et al. have shown that it is feasible to identify peptides directly using their accurate mass and time (AMT) tags (48, 49) . For most modifications, the modified peptides tend to consistently elute earlier or later from LC columns than do their unmodified counterparts. Therefore, the retention time shift caused by a modification can serve as orthogonal evidence for the occurrence of this modification (21) .
In this paper, we present a statistical algorithm named DeltAMT (Delta Accurate Mass and Time) for efficient detection of abundant modifications by taking full advantage of the precursor information from LC-MS/MS with high precursor mass accuracy. The algorithm aims at finding pairs of modification-related spectra and thus might be classified into the spectral matching approach. However, the fragmentation spectra are never matched with each other. Therefore, modifications can be detected with an extremely fast speed. The underlying principle of DeltAMT is based on the simple fact that an abundantly present modification in a sample usually leads to observation of many spectral pairs with nearly identical precursor mass differences and similar retention time distances. The main steps of DeltAMT are as follows. First, each pair of spectra from an LC-MS/MS run is represented by a vector, called a delta mass and time vector, with two dimensions being the differences in precursor mass and retention time, respectively. Then, bivariate Gaussian mixture models are fitted to the complete set of observed delta vectors. Fitted distribution components are scored to discriminate modification-induced distributions from random ones. Finally, putative modifications are reported with the estimated mass and retention time shifts as well as modification-related spectral pairs. To identify the modified peptides, the modifications detected by DeltAMT can be included into sequence database search as variable modification parameters. Alternatively, peptide identifications obtained in some way can be propagated among the modification-related spectral pairs.
Previous algorithms that are most closely related to ours are the ModifiComb and the Mass Distance Fingerprint (MDF) algorithms. The ModifiComb algorithm of Savitski et al. (21) pioneered the use of retention time as complementary information to detect modifications. However, ModifiComb builds histograms of differences in precursor masses and retention times between detected similar spectral pairs only, rather than simply between all possible pairs of spectra as is done in DeltAMT. It is featured in the combined use of two complementary fragmentation modes and post-processing of data to produce semi-interpreted fragmentation spectra (peaks with inferred fragment ion types). In addition, ModifiComb determines spectral pairs empirically instead of using a statistical framework. The MDF algorithm proposed by Potthast et al. (50) is a close analog of DeltAMT but it makes use of the precursor mass information only, hence limiting the accuracy and sensitivity of modification detection. Moreover, MDF does not address the pseudo-modification problem associated with unrestrictive modification identification algorithms (20, 43) . Consequently, many reported mass shifts could not be properly interpreted. For example, the mysterious 25.0252 Da that was repeatedly detected by MDF was simply a pseudomodification corresponding to the combination of oxidation (15.9949 Da) and ICAT label (9.0302 Da). Most other unknown modifications reported by MDF (50) can be interpreted in the same fashion.
Unlike previous methods for unrestrictive modification identification, which are based on the fragment information and the mass dimension in LC-MS/MS, the DeltAMT algorithm presented in this paper is the first attempt to make full use of the precursor information in a rigorous statistical framework to rapidly and accurately detect abundant modifications present in a protein sample. Although the algorithm is not designed to detect low-abundance modifications, it should be noted that even for methods using fragmentation data, it is usually the abundant modifications that are accepted as confident results (20 -22) . Compared with previous approaches for modification detection, DeltAMT possesses several advantages. First, it is very fast, thus able to overcome the speed bottleneck encountered by previous methods. To analyze the mass spectra from one LC-MS/MS run, it only takes DeltAMT several minutes to complete the entire process from reading raw data to reporting putative modifications. Unwanted chemical modifications or contaminants introduced by sample processing can be rapidly reported, providing real-time measurements of the quality of experiments. Second, a unique feature of DeltAMT is that it is not sensitive to the quality of fragmentation spectra. It is known that modified peptides often have complex fragmentation patterns, but DeltAMT is naturally immune to this problem. Third, the use of retention time provides an independent source of evidence for the detected modifications. Two dimensions are more discriminative than one in detecting modification-related spectral pairs. Fourth, because the mass differences are computed between experimental precursor masses, the estimated modification masses are not sensitive to systematic mass errors of mass spectrometers. Finally, the problem of pseudo-modifications is, for the first time, carefully addressed.
On a standard protein data set and a proteome quantification data set, our method successfully detected many chemical modifications, metal adducts, isotope labels, as well as nonspecific digestion and even nonpeptide contaminants, yielding deep insights into the data. By incorporating these discoveries into database search or performing peptide propagation among detected spectral pairs, the spectral identification rates were significantly increased, and many modified peptides were identified.
MATERIALS AND METHODS
The flowchart of the DeltAMT algorithm for detection and identification of protein modifications is illustrated in Fig. 1 Details of each step are described below.
Delta Mass and Time Vectors (⌬)-For most modifications, the modified and unmodified versions of a peptide often exist simultaneously. A modification abundantly present in a sample will lead to many mass spectral pairs, with their precursor masses differing by the modification mass. In addition to peptide masses, peptide retention times provide another dimension of information available in LC-MS/MS experiments. The modified and unmodified versions of a peptide share the same amino acid sequence and differ by a modification group. Thus, they often exhibit slight difference in physicochemical properties and LC behavior. A modification usually has a relatively consistent effect on the retention times of peptides carrying it. For example, it is known that peptides containing oxidized methionine(s) usually elute earlier (51, 52) , whereas deamidation of asparagine tends to slightly increase the retention time of peptides (21, 53) on reversed-phase high performance LC. Therefore, the retention time is an orthogonal source of evidence for the existence of a modification. To detect potential modifications in a data set of tandem mass spectra with the DeltAMT algorithm, every pair of spectra is represented by a two-dimensional vector, called a delta mass and time vector or delta vector for short (denoted by ⌬):
where ⌬m and ⌬t represent the differences in precursor mass and retention time between the two spectra, respectively. A high-frequency ⌬m value accompanied by a concentrated ⌬t indicates a potential modification. The aim of DeltAMT is to find all such ⌬m values by statistical analysis of the empirical distribution of ⌬.
In tandem mass spectrometry, abundant peptides can produce many copies of spectra, resulting in data redundancy. There are two main disadvantages of spectral redundancy in our situation. First, spectral redundancy brings a high computational burden, because the number of calculated ⌬ instances increases quadratically with the number of spectra. Second and no less important, spectral redundancy may cause an unexpected effect on the distribution of ⌬. To mitigate the problems arising from spectral redundancy, we utilize a simple strategy for efficiency consideration. Among the spectra with precursor masses in close proximity, e.g. less than 5 ppm for Fourier transform mass spectrometers, the one with the median retention time is reserved as the representative. Although such a simple processing step may remove some nonredundant spectra, we find that a representative subset of spectra is sufficient to reveal the dominant modifications. Moreover, when we reach the spectral pair detection step, all spectra will be considered.
Another important issue associated with high-resolution mass spectrometers is the determination of accurate precursor masses. In tandem mass spectrometry, the measured precursor masses are prone to errors, such as misidentified mono-isotopic peaks. Identifying the mono-isotopic peak in a weak ion cluster of a large peptide or within overlapping ion clusters has remained a basic and not very well-resolved problem of mass spectrometry. However, as a statistical algorithm, DeltAMT computes from a large number of data points and can tolerate a certain degree of random data errors. The precursor masses used in this paper were directly exported by the instrument control software. Though DeltAMT will benefit from a better third-party peak-picking algorithm, e.g. MaxQuant (54), we did not employ such an algorithm here for the purpose of simplicity, independence and efficiency.
Random and Modification-induced Distributions of ⌬-All instances of ⌬ can be categorized into two groups: random and modification-induced. A random instance of ⌬ is derived from two spectra that are produced from two independent peptides. A modificationinduced instance of ⌬, as its name implies, results from two modification-related spectra that are produced by two peptides with the same sequence but different modification states.
In the vicinity (about Ϯ0.5 Da) of a modification mass, the distribution of ⌬ is assumed to be a mixture of multiple components, one of which is produced by random spectral pairs and the others by modification-related spectral pairs. The probability density function (pdf) of ⌬ is
where f Rand ͑⌬͒ represents the pdf of the random distribution in this mass interval, f Mod,k ͑⌬͒ represents the pdf of the k-th modificationinduced distribution, n is the total number of modifications in this mass interval, and ␣ Rand and ␣ Mod,k are mixing coefficients. We further assume that both the random distribution and the modification-induced distributions are Gaussian. That is, both f Rand ͑⌬͒ and f Mod,k ͑⌬͒ are of the form
where parameters and ⌺ denote the mean and covariance of the Gaussian distribution, respectively. The reasons for the choice of the Gaussian Mixture Model are twofold: Gaussian Mixture Model can be efficiently estimated using the Expectation-Maximization algorithm, and the real data illustrate good fitness to the model. fication. There are occasionally such cases, as described here, in which more than one modification exists within a small mass interval. Another example is the combination of deamidation (0.98402 Da) and precursor isotope (1.0072 Da). These mass-alike modifications can be better discriminated from each other from the retention time dimension, as illustrated by Fig. 2 .
After the random and modification-induced distributions of ⌬ are estimated, modification-related spectral pairs can be identified at a required confidence level. Given the observed ⌬ from a pair of spectra, the posterior probability of this spectral pair being related by the k-th modification is
Then, the posterior error probability (PEP) is (1 -Pr(Mod k ͉⌬)). Given a cut-off for PEP, a list of modified/unmodified spectral pairs can be obtained for each modification detected. The estimation of the mixture model is performed in an iterative manner. When the D-score of a modification-induced distribution component is below a cut-off value, this component is removed from the mixture model and the model is re-estimated. This is repeated until the D-scores of all remaining modification-induced components are no less than the cut-off value or no modification-induced components are left. The cut-off value for D-score controls the trade-off between the accuracy and the sensitivity of modification detection. A low cut-off value increases the sensitivity but also increases the level of false positives. According to our experience, 10 is an appropriate cut-off value that can lead to interpretable modifications and reliable spectral pairs. If interested in lower-abundance modifications, one can use lower cut-off values, but this may necessitate the use of additional procedures to verify the findings.
Selection of Potential Modification Mass Intervals-In principle, the above procedure of distribution estimation should be performed on every potential modification mass interval, which is defined as a 1-Da window around each nominal mass value. However, for general protein samples, only a few mass intervals are expected to contain modification masses. To avoid unnecessary computation, it is desirable to select a few potential modification mass intervals that are likely to contain modifications. We use a simple method here to accomplish this purpose. The random ⌬m within each potential modification mass interval is assumed to come from a Gaussian distribution, which is estimated based on the observed ⌬m data points. If any values of ⌬m are observed with frequencies significantly exceeding their estimated random probabilities, then the mass intervals containing these values are considered to contain potential modifications and are subjected to the two-dimensional mixture distribution estimation of ⌬. This is illustrated by Fig. 3 . A parameter R ⌬m ϭ o͑⌬m͒/e͑⌬m͒ is calculated for ⌬m to quantify the extent to which the observed frequency of ⌬m exceeds its expected random probability, where o͑⌬m͒ and e͑⌬m͒ are the occurrence number of ⌬m and the number of ⌬m expected by chance, respectively. The mass bin size used is 0.01 Da by default. According to our experience, a value of 1.3 for R ⌬m can serve as a good cut-off for removing unproductive mass intervals without losing sensitivity.
Recognition of Additive and Subtractive Pseudo-modificationsSome pseudo-modifications may be reported by DeltAMT as computational products of real modifications (mono-modifications). There are two possible types of such pseudo-modifications. The first one is produced by the combination of two modifications and is, therefore, called additive pseudo-modification. For example, many spectra carrying two modifications B and C may lead to reporting a modification A with a mass shift corresponding to the sum of the mass shifts of modifications B and C. The second type of pseudo-modification is produced by the difference between two modifications and is, there-
2. An example of the distribution of ⌬ obtained from the ISB standard protein mix data set. In this example, three distribution components were automatically detected by the DeltAMT algorithm. One of them is the random distribution marked by the large dashed square, and the other two are modification-induced distributions marked by the small solid squares. The two modifications are oxidation (right) and the (calcium -sodium) subtractive pseudo-modification (left). These two modifications are well discriminated from each other by the mass and time dimensions.
fore, called subtractive pseudo-modification. For example, two groups of spectra carrying modifications A and B, respectively, may lead to reporting a modification C with a mass shift corresponding to the mass difference between modifications A and B. Although additive and subtractive pseudo-modifications are not real independent modifications, they are useful for recognizing modification-related spectral pairs and identifying peptides with multiple modifications.
To recognize these two types of pseudo-modifications, three criteria are used:
(1) The masses must be consistent; i.e. ⌬m A Ϸ ⌬m B ϩ ⌬m C , where ⌬m denotes the estimated mass shift caused by the putative modification A, B, or C.
(2) The retention times must be consistent; i.e. ⌬t A Ϸ ⌬t B ϩ ⌬t C , where ⌬t denotes the estimated retention time shift caused by the putative modification A, B, or C.
(3) The detected spectral pairs must be consistent. Specifically, the following criteria are used:
pseudo-modification of B and C , where ͉P͉ denotes the number of elements in set P, T 1 and T 2 are two thresholds, and
and so forth. The (s i , s j ) in the above formulae denotes spectral pairs and PEP T denotes the threshold of PEP. Simply put, P B is the set of spectral pairs related by the putative modification B, and S B1 is the set of spectra with modification B in P B . The other set symbols are defined by analogy. P BAC is a subset of P B consisting of the spectral pairs, in which the spectra with modification B also belong to P A , and spectra without modification B also belong to P C . P CAB is defined in a similar way. If P BAC is relatively larger enough than P CAB , B is recognized as the subtractive pseudo-modification of A and C, and vice versa. Otherwise, if both are large enough, A is recognized as the additive pseudo-modification of B and C. Identification of Modified Peptides-A straightforward way to make use of the modification detection results is to incorporate the detected modification types into ordinary sequence database search. Alternatively, peptides identified by database search or other approaches (e.g. de novo sequencing) can be propagated from the modification-free spectra to the modification-containing spectra based on the detected spectral pairs (43) . If the spectra are of good qualities and the amino acid specificities of the detected modifications are known, incorporation of these modifications into sequence database search will be appropriate. Otherwise, peptide propagation may be advantageous. It is known that some modifications, e.g. phosphorylation, suppress peptide fragmentation, resulting in mass spectra with low signal-to-noise ratios. Moreover, for novel modifications, peptide propagation helps determine their amino acid specificities. To locate the modification site of a propagated peptide, the modification is assigned to each amino acid in the peptide, and theoretical spectra are predicted for all assignments and are scored by comparison with the experimental spectrum. The highest-scoring site is considered the modification site. The scoring function used here is the one employed by the pFind search engine (7) . Obviously, the accuracy of peptide propagation relies on both the accuracy of input peptide identifications and the reliability of detected spectral pairs. Moreover, modification site assignment is especially difficult for spectra of low qualities. Therefore, the propagation results should be carefully validated. In propagation, two kinds of conflicts may occur. The first is called edge conflict, in which the two spectra S1 and S2 in a spectral pair (S1,S2) are identified as different peptide sequences. The second is called node conflict, in which the two spectra S1 and S2 in two spectral pairs (S1,S3) and (S2,S3) are identified as different peptide sequences. In any case, such spectral pairs are removed.
Inference of Modification Types-For mass spectra produced from current popular hybrid instruments (e.g. LTQ-FT or LTQ-Orbitrap), the accuracy of precursor masses is at the ppm level. From such data, even higher accuracy for modification masses can be estimated by DeltAMT. This is because of several reasons. First, the mass shift caused by a modification is estimated from many pairs of spectra rather than one pair of spectra. Second, the estimation is less biased by the systematic error of a mass spectrometer, because it is the mass differences instead of the original mass values that are used. Third, the retention time shift as the second dimension of the distribution of ⌬ can exclude a substantial number of random spectral pairs. With accurate modification masses, the identities of most modifications can be easily determined by searching a modification database such as Unimod. The estimated retention time shift also helps infer modification types. Different modifications have different effects on the retention time of a peptide. Additionally, amino acid specificity of a modification as revealed by modification site location is also useful. However, fully automated inference of modification types is hardly realistic, so manual examination is necessary. Expertise and a priori knowledge about the source of the protein sample and the sample processing procedure are always important, particularly for novel modifications.
RESULTS
To validate the DeltAMT algorithm, two published data sets of tandem mass spectra were analyzed, with detailed discussions focused on the first data set. For each data set, putative FIG. 3 . An example of the distribution of ⌬m. Within each potential modification mass interval, random ⌬m is assumed to come from a Gaussian distribution. Those mass intervals that contain ⌬m values of unexpectedly high frequencies (peaks marked by stars) are selected and subjected to two-dimensional (mass and time) distribution fitting for modification detection. In this example, the highest peak corresponds to a real modification (acetaldehyde), and the other three are random signals.
modifications (mass and time shifts) and related spectral pairs were detected by the DeltAMT algorithm. The detected modifications were interpreted according to their mass and retention time shifts as well as their locations on peptides. To identify the peptides carrying these modifications, both database search and peptide propagation were performed. The MS-Alignment algorithm was also run on the first data set and compared with DeltAMT in terms of speed and sensitivity. All data analyses were performed on a personal computer with a 1.8 GHz Intel Core 2 Duo CPU, 2 GB of main memory and the Windows XP operating system.
Software Implementation-The DeltAMT algorithm was implemented in MATLAB and Cϩϩ independently (software accessible at http://pfind.ict.ac.cn/pcluster/). The analysis results presented in this paper were obtained with the MATLAB version. The software can directly read the tandem mass spectra in the RAW format from mass spectrometers of Thermo Scientific Corporation (e.g. LTQ-FT/Orbitrap). It also supports data in the DTA format, in which case the scan numbers in file names are used as the substitute for retention times. After all parameters needed by DeltAMT are specified (default values are provided which can be kept unchanged in general use), the software can be executed in a fully automated manner.
Data
One data set used is the ISB standard protein mix data set, a standard protein data set from the Institute for Systems Biology (55) , and the other is the MaxQaunt HeLa Proteome data set, a stable isotope labeling with amino acids in cell culture (SILAC)-treated HeLa proteome data set from the Max-Planck Institute for Biochemistry (56) . Both data sets are of good quality and are available in the public domain.
ISB Standard Protein Mix Data Set-This data set is currently the largest and most diverse mass spectra data set deliberately designed for the purpose of testing peptide and protein identification software tools (55) . Eighteen purified proteins were mixed and digested by trypsin into peptide mixtures, which were then analyzed by LC-MS/MS on diverse mass spectrometers and under various conditions. The analysis of Mixture 3 on a Thermo Scientific LTQ-FT mass spectrometer consisted of 10 LC-MS/MS runs. One of these runs (B06 -11073), consisting of a total of 4085 MS/MS scans, was selected at random for detailed analysis in this paper. This data set was downloaded at http://regis-web.systemsbiology. net/PublicData sets/.
MaxQuant HeLa Proteome Data Set-This data set was originally published in (56) and was used for testing the MaxQuant program (54) . Proteins from SILAC-treated stimulated HeLa cells were digested with trypsin. The resulting peptides were separated, purified, and analyzed by LC-MS/MS in triplicate on a Thermo Scientific LTQ-Orbitrap mass spectrometer. A total of 72 LC-MS/MS runs were performed. One of these runs (20070522_NH_Orbi2_HelaEpo_10), consisting of a total of 13,572 MS/MS scans, was selected at random for the use in this paper. This data set was downloaded from Tranche at http://tranche.proteomecommons.org/.
Both data sets were in the Thermo Scientific RAW data format, and the precursor information was directly extracted from the RAW files. Note that although we selected only one LC-MS/MS run for each data set, similar results were obtained for other runs (data not shown). For the ISB standard protein mix data set, the other nine runs were used to estimate the variability of the DeltAMT algorithm.
Results for the ISB Standard Protein Mix Data Set
Overview-The spectra in the ISB standard protein mix data set were analyzed with the DeltAMT algorithm. Following the removal of data redundancy, delta mass and time vectors were calculated for 2619 MS/MS spectra, and these vectors were subjected to mass interval selection and mixture distribution estimation. As a result, a total of 32 putative modifications with D-scores above 10 were reported, among which 13 were mono-modifications, six were additive pseudo-modifications and 13 were subtractive pseudo-modifications. Table  I gives their estimated mass shifts (⌬m) and retention time shifts (⌬t), as well as their D-scores, numbers of spectral pairs, interpretations, and deviations from theoretical masses. Here, the mass and retention time shifts correspond to the estimated means of modification-induced distributions of delta vectors. The estimated standard deviations are given in supplementary Table S1 . Note that the numbers of spectral pairs given in Table I contain redundancy, i.e. a spectrum may appear in multiple pairs. The total number of spectral pairs, thereby, may exceed the number of spectra. Larger D-scores indicate higher confidence and usually correspond to more spectral pairs. Normally, spectral pairs with PEP Յ 0.02 were reported. When no pairs were found at this level, lower PEP thresholds, 0.05 and further 0.1, were used. Among the 32 reported modifications, 31 were successfully interpreted. Their estimated mass values were very close to their theoretical ones (mostly within 0.001 Da). For several putative modifications, e.g. carbamidomethyl dithiotreitol (DTT), oxidation, dehydration and acetaldehyde, their spectral pairs could not be detected at the lowest PEP level (0.02). This was because the delta vector distributions induced by these modifications had not stood out clearly enough from the random distributions, either because of their small mixing coefficients or large variances. However, they were still distinguished by the DeltAMT algorithm and their distribution centers (the mass dimension at least) were accurately estimated. To examine the variability of the algorithm with respect to replicate runs of the same sample, we further analyzed the data from the other nine LC-MS/MS runs in this data set and calculated the means and standard deviations of the estimated mass and time shifts for each putative modification. The results, given in supplementary Table S1 , demonstrate the stability of DeltAMT for different LC-MS/MS runs. The detected modifications were incorporated into sequence database search. In parallel, peptide propagation was also conducted based on the identifications from a basic database search without considering any of the detected modifications. Both approaches identified a substantial number of spectra of modified peptides (Table II  and supplementary Table S2 ), and the identifications made by the two approaches showed good agreement with each other. Table III gives the running times for each step of modification detection and peptide propagation. From reading the raw mass spectra to reporting the presence of putative modifications (mass and time shifts), the procedure took less than 4 min. Database Search and Peptide Identification-To identify the peptides carrying the detected modifications, all spectra were searched using the pFind search engine (7, 57) against a yeast protein sequence database concatenated with the sequences of the 18 standard proteins and 82 contaminant proteins (15 suggested by the authors of the data, 53 from the cRAP database, and 14 additional trypsin and keratin proteins extracted from the UniProt database). The yeast sequences were added as background to produce meaningful scoring statistics. To estimate the false discovery rate (FDR), the database was searched in a target-decoy strategy (58) , in which the whole sequence database was reversed and combined with the original database. The precursor and fragment mass matching tolerances were Ϯ10 ppm and Ϯ0.5 Da, respectively. Trypsin was used for in silico protein digestion, and up to two missed cleavages were allowed. The modification parameters were set as follows. In a basic search, cysteine carbamidomethylation was set as the fixed modification and methionine oxidation was set as the only variable modification. In modification-oriented searches, each detected modification was individually added as an additional variable modification. We did not incorporate all modifications into a single search in order to avoid combinatorial explosion of search space and increasing level of random matches. A maximum of six variable modifications per peptide were allowed. Following each database search, highest-scoring peptides were filtered by three criteria: 1% FDR at spectrum level, Ϫ2 to 6 ppm precursor mass deviation, and at least two peptide identifications for each identified protein. For the basic database search, 1302 spectra were successfully identified. For the modification-oriented searches, 646 spectra of peptides with detected modifications were identified. Table II gives the numbers of spectra identified for each modification. A search with semitryptic digestion was also performed, and 218 spectra of semitryptic peptides were identified. In total, by incorporating the discoveries of DeltAMT into database searches, the spectral identification rate was raised from 32% to 53%. It can be expected that some spectra of multiply modified peptides would be identified if all detected modifications as well as nonspecific digestion were taken into account in a single database search.
Based on the identifications by the basic database search and the detected spectral pairs by DeltAMT, peptide propagation was carried out. All of the peptides identified by the basic database search came from either the eighteen standard proteins or contaminant proteins, and none from the reversed or yeast protein sequences, demonstrating the high confidence of these identifications. Identified peptides were propagated among spectral pairs that were obtained at different PEP levels. Supplementary Table S2 gives the detailed propagation results. In this paper, we focus on the results obtained with PEP Յ 0.02 only. With this level, a total of 1211 spectra that had not been identified by the basic database search were successfully identified by peptide propagation. During propagation, eight edge conflicts and seven node conflicts occurred, and the involved spectral pairs were discarded. The numbers of spectra identified as modified/semitryptic peptides are listed in Table II for comparison with database search results. It should be noted that because the peptides identified by peptide propagation and those by modification-oriented database search had different error rates in theory, the performance comparison of the two methods was not absolutely fair. However, we found that the peptide assignments of the spectra identified by both methods were perfectly consistent, demonstrating the accuracy of these identifications. Further, Table II shows that calcium and sodium adducts were better identified by peptide propagation (one reason may be because of the degraded spectrum quality of adducts). A more important role for peptide propagation is that information about the specificity of a modification can be revealed by locating the modification sites, and sometimes this is indispensable for precise determination of the modification identity or for performing database search. For example, we observed that the ϳ152 Da had been assigned to carbamidomethylated cysteines in all cases, and we therefore knew that it was in fact a modification of ϳ209 Da.
Calcium and Sodium Adducts-The most dominant modification detected in this data set turned out to be from the formation of calcium-peptide adducts. The estimated mass shift caused by this modification is 37.94689 Da, differing by only 0.00005 Da from the theoretical value of 37.94694 Da (one calcium mass minus two hydrogen masses). Potassium adduct formation would cause a very similar mass shift of 37.95588 Da, but the detected mass shift is nearly 0.01 Da away from this theoretical value, well beyond the mass accuracy of LTQ-FT instruments as well as the average mass accuracy of the detected modifications for this data set. Fig.  4 shows the scatter-histogram of delta vectors in the mass interval containing this modification mass. We can see that the ⌬m values associated with this modification are so con- 
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centrated that the standard deviation is only 0.0026 Da. Also, this modification has almost no effect on peptide retention times, which is a common characteristic of metal adducts, because they are usually formed upon ionization and thus will "coelute" with the unmodified peptides. Moreover, no molecular formula composed of the C, H, N, O, and S elements exists such that its molecular mass matches the observed mass shift within a tolerance of 0.01 Da. Therefore, we strongly believe that this modification is because of calcium adduct formation, although it was rarely reported before. As an example, supplementary Fig. S1 illustrates three spectra that were generated from a peptide with different numbers of calcium adduct formations. The calcium in this data set might have come from the CaCl 2 added to the sample to enhance the activity of trypsin (59) . Another kind of metal adduct abundantly present in this data set was sodium adduct, which is common in LC-MS/MS experiments. By incorporating the calcium/sodium adduct into database search as variable modifications (at aspartic acid, glutamic acid, and the peptide C terminus), 142 spectra and 205 spectra were identified as calcium-peptide and sodium-peptide adducts, respectively. On the other hand, 488 spectra were identified as calciumpeptide adducts through peptide propagation among the single and double-calcium-related spectral pairs with PEP Յ 0.02. For sodium, this number was 372. The overlapping spectra (134 for calcium and 170 for sodium) identified by database search and peptide propagation had identical peptide sequence assignments, indicating the reliability of these identifications. Deamidation-Deamidation (0.98433 Da) was another abundant modification observed in this data set. It slightly increased the peptide retention time (0.8 min on average). By incorporating it as a variable modification (on asparagine and glutamine) into sequence database search, 165 spectra of deamidated peptides were identified. On the other hand, through peptide propagation among the spectral pairs detected with PEP Յ 0.02 for this modification, 98 spectra were identified as deamidated peptides. Of these spectra, 87 were also identified by database search and had identical peptide sequence assignments.
Carbamidomethyl DTT-A modification with a mass shift of 151.99699 Da was reported by DeltAMT. Peptide propagation and modification site location results showed that this modification occurred on the cysteine residues. Because we set the cysteine carbamidomethylation (57.021464 Da) as a fixed modification in the basic database search, the actual mass shift caused by this modification is in fact 209.01845 (151.99699 ϩ 57.021464) Da. This is exactly the mass of carbamidomethylated DTT modification of cysteine that was discovered by Chalkley et al. on the same data set (Mixture 2, QTOF instrument) (22) . Our result confirms this discovery and further shows that peptides with this modification tend to elute significantly earlier (1.842 min on average) than the ordinary carbamidomethylated peptides. By adding this modification into sequence database search, 82 spectra with this modification were identified.
Oxidation and Dehydration-Oxidation (15.99421 Da) was detected as expected. It significantly decreased the retention time (-4.101 min on average). Oxidation had already been specified as a variable modification (on methionine) in the basic database search, and 99 spectra of oxidized peptides were successfully identified. The mass shift of 18.00828 Da corresponds to the neutral mass of a water molecule. In addition to chemical modifications, such as pyroglutamic acid formation from N-terminal glutamic acids, it could also result from in-source fragmentation. Incorporating it into database search (dehydration of threonine, serine and aspartic acid, formation of pyroglutamic acid at the peptide N terminus) identified 14 spectra of dehydrated peptides.
Acetaldehyde-The last interesting modification reported had an estimated mass shift of 26.01532 Da. This is probably the acetaldehyde (ϩ26) modification, which was also detected by Chalkley et al. (22) . Here, we further show that this modification significantly delayed the elution of peptides by about 2.6 min on average. Through peptide propagation, we found that this modification mostly occurred on peptide N termini. Incorporating this modification (on histidine, lysine, and peptide N terminus) into database search, 38 spectra of peptides with this modification were identified, 35 of which had this modification assigned to the N termini of peptides.
Nonspecific Digestion-Mass shifts corresponding to amino acid residues or their combinations were also reported, including isoleucine (I) or leucine (L), arginine (R), lysine (K), valine (V), glycine (G)-isoleucine (I) or leucine (L), and alanine (A)-valine (V). All of them occurred at the termini of tryptic peptides, suggesting that they might represent nonspecific or semispecific digestion of proteins by trypsin. However, the small retention time differences caused by the I/L and GI/L or AV removal also indicated in-source fragmentation. When overlapping tryptic and semi-tryptic peptides were detected by LC-MS/ MS, DeltAMT could report their differences as modifications. A database search was carried out with the same search parameters as used in the basic database search but allowing semispecific digestion, and 218 spectra of semitryptic peptides were identified. One the other hand, through peptide propagation among the spectral pairs detected with PEP Յ 0.02 for nonspecific digestion, 14 spectra were identified as semi-tryptic peptides. Again, the nine spectra identified by both methods had identical peptide sequence assignments.
False Positives-The only uninterpreted mass shift detected by DeltAMT was 104.09558 Da. Six spectral pairs were detected for this mass shift with PEP Յ 0.02. However, three of them were conflicting pairs. That is, the two spectra in each of the three pairs were identified as different peptides by database search. For the other three pairs, none of the spectra in them was identified by database search. Moreover, the retention time shift was extraordinarily large (-13 min on average). Therefore, we consider this mass shift a false positive.
Comparison with MS-Alignment-We also analyzed the ISB data set with the MS-Alignment algorithm for comparison and validation purposes. The 4085 spectra in this data set were searched by MS-Alignment against the same database as was searched by pFind. The whole database, including target and decoy sequences, contained less than 6 M amino acids in total. The search parameters were set as follows: instrument, FT-Hybrid; protease, Trypsin; mods, 2; blind, 1; mod, ϩ57, C, fix. It took about 9 h for MS-Alignment to complete the search. The search results were filtered by their p values and the FDR was estimated using the target-decoy strategy. At 2% FDR, a total of 1034 spectra were identified, including 961 spectra matched to peptides from the standard proteins, 55 from contaminant proteins, 10 from decoy sequences, and eight from background yeast proteins. The matches to decoy and yeast sequences were false positives and were discarded. The remaining 1016 identifications were accepted, among which 367 were peptides with positive modification masses, 30 were peptides with negative modification masses, and 619 were unmodified peptides. Fig. 5 illustrates the histogram of modification mass shifts detected by MS-Alignment. It turned out that almost all of the abundant modifications (Ͼ 3 identified spectra) detected by MS-Alignment were also detected by DeltAMT. The only one missed by DeltAMT had a mass shift corresponding to ammonia loss, but MS-Alignment failed to detect deamidation that was discovered by DeltAMT. Overall, the two algorithms largely confirmed each other's findings. Although MS-Alignment detected many low-abundance modifications, this was achieved at the cost of a long search time. Because ammonia loss, e.g. N-terminal cyclization of glutamine or carbamidomethylated cysteine, is so common and was abundantly detected by MS-Alignment, we examined the reason why DeltAMT failed to find it. We decreased the Dscore cut-off value from 10 to 3 and re-analyzed the data. As a result, a putative modification with D-score of 5.0 was reported with a mass shift of 17.02595 Da (-0.0006 Da from the theoretical mass of NH 3 ). The estimated standard deviation of the mass dimension was 0.002 Da, as small as those estimated for other putative modifications. However, the estimated standard deviation of the retention time dimension was 4.05 min, much larger than those estimated for other putative modifications. It seemed that the ammonia loss had a less consistent effect on the retention times of peptides than other modifications we found. In fact, this mass shift may have three different sources: N-terminal cyclization-then the retention times should be significantly different, and ammonium adduct formation or in source fragmentation-then the retention times should be the same. This explained why this modification was so poorly scored that it was missed by the original analysis of DeltAMT. 
Results for the MaxQuant HeLa Proteome Data Set
Overview-A direct application of the DeltAMT algorithm to the MaxQuant HeLa proteome data set generated a long list of putative modifications (supplementary Table S3 ). The dominant modifications were as expected, i.e. SILAC labels (8.01400 Da and 10.00844 Da) and oxidation (15.99477 Da), because this data set was from a SILAC-treated sample. However, many other modifications were reported, most of them being additive pseudo-modifications. Their masses were characterized by fixed mass ladders, e.g. 44.026 Da, suggesting that they were not peptide modifications but were actually derived from nonpeptide polymers. Retention time distribution of the spectra detected as polymers suggested that the majority of polymers were eluted in the beginning and the end of chromatography. A plot of retention times versus precursor masses of all MS/MS spectra uncovered two clusters of polymers, one in the first 30 min and the other in the last 10 min (shown in supplementary Fig. S2 ). These two clusters contain a total of 1811 spectra, none of which was identified by database search. Therefore, all of the components eluted during these two stages were probably polymers. Following removal of these polymer spectra, we reanalyzed the remaining spectra using DeltAMT. As expected, all modification masses corresponding to polymers disappeared, and only SILAC labels and oxidation were reported with D-scores above 10. When the D-score cut-off value was relaxed to three, potential low-abundance modifications were revealed.
Nonpeptide Polymers-Three series of polymers were recognized, each with a mass ladder of 44.02616, 43.04219, or 72.02107 Da. The first one is probably the well-known polyethylene glycol (PEG) with the structure -(CH 2 -CH 2 -O-) n , in which CH 2 -CH 2 -O corresponds to 44.02621 Da, differing by 0.00005 Da from the detected mass value. PEG is widely used in biomedical research (e.g. in protein purification) and is often unavoidable in mass spectrometry (60) . The second polymer is likely the polyethyleneimine (PEI) with the structure -(CH 2 -CH 2 -NH-) n , in which CH 2 -CH 2 -NH corresponds to 43. Low-abundance Modifications-To examine if lower-abundance modifications were present, we decreased the D-score cut-off from ten to three. As a result, several potential modifications were revealed, including methylation, carbamylation, deamidation, etc. (listed in Table IV ). As observed in previous studies (21, 61) , methylation increased the retention times of peptides, whereas carbamylation decreased the retention times. Their combinations were consistent in terms of retention time shifts. For example, the retention time shift caused by dimethylation was approximately twice as much as that by methylation. The mass shift of about 44.026 Da was still detected, indicating that PEG might still exist in the retention time interval considered (from the 31st minute to the 130th minute). However, the corresponding retention time shift was very different from the one detected from the whole retention time range. Therefore, it might also be a modification on peptides, possibly hydroxyethylation, which would result in the same mass shift as observed. No reliable spectral pairs were detected for those possible low-abundance modifications, and we did not make further efforts to validate them.
Database Search and Peptide Identification-The 13,572 tandem mass spectra were searched against the target-de- coy International Protein Index human database using almost the same search parameters as those used for the ISB data set with the following exceptions. SILAC labels, i.e. Arginine-13C615N4 (10.008 Da) and Lysine-13C615N2 (8.014 Da), were set as variable modifications in addition to methionine oxidation. The precursor mass tolerance was set to Ϯ7 ppm, as suggested by the authors of the data set. At 1% FDR, 6586 spectra were identified, 2894 of them having SILAC labels. Through peptide propagation on the detected 6491 SILAC pairs with PEP Յ 0.02, 358 additional spectra were identified. During propagation, 48 edge conflicts and three node conflicts occurred, and involved spectral pairs were discarded. The increase in the number of identified spectra was relatively small because the SILAC labels had already been specified in database search. Besides SILAC labels, oxidation was the most abundant modification detected in this data set. Through peptide propagation on 2293 oxidation-related spectral pairs with PEP Յ 0.02, 985 additional spectra were identified. During propagation, 33 edge conflicts and three node conflicts occurred, and involved spectral pairs were discarded. The total number of interpreted spectra increased by 48%, taking into account the1811 detected polymer spectra. DISCUSSION We present in this paper a novel algorithm named DeltAMT to detect the presence of abundant protein modifications from LC-MS/MS data. The unique feature of DeltAMT is its exclusive and complete use of peptide precursor information. Thus, it is extremely fast and insensitive to the quality of fragmentation spectra. Discovering abundantly present modifications in a sample can not only increase the spectral identification rate but also consequently increase the chance of identifying low-abundance proteins or modifications. In addition to modifications, DeltAMT can also effectively detect other events, such as isotopic labels, nonspecific digestion, and polymer contaminants. Therefore, DeltAMT can be used in many circumstances. For example, one may want to check if any unwanted chemical modifications or polymers have been heavily introduced during sample processing. To this end, it takes only several minutes for DeltAMT to analyze one LC-MS/MS run and report discoveries, based on which experimental protocols can be improved. In fact, we have successfully performed such data analysis and protocol improvement in experiments for core fucosylated glycoprotein identification using a preliminary version of the algorithm (62, 63) . The analysis results of DeltAMT are also potentially beneficial for quantitation analysis of proteins. For example, one can avoid selecting peptides prone to chemical modifications for quantitation analysis. Furthermore, the increased spectral identification rate can potentially improve the accuracy of label-free quantitation.
One limitation of DeltAMT is that it works for abundant modifications only. However, several fragment informationbased methods already exist that are able to detect lowabundance modifications. We consider DeltAMT a powerful complement to these methods. To detect lower-abundance modifications with DeltAMT, one may use lower D-score cutoffs. This will increase the level of false positives, but if anything of interest is detected, further analysis can be followed. Another issue worth mentioning is that because DeltAMT uses retention time information, its performance and analysis results depend on sample separation strategy and experimental configuration. For example, in experiments with offline fractionation, if the modified and unmodified versions of a peptide are separated into different fractions, then this modification will not be detected by DeltAMT. Moreover, retention time shifts caused by modifications vary with LC conditions. For instance, for acidic modifications, depending on the ion pairing agent used in the mobile phase, the modified peptides may elute earlier (e.g. when trifluoroacetic acid is the ion pairing agent) or later (e.g. when acetic acid or formic acid is used) than their unmodified counterparts. Finally, we point out that in the current version of DeltAMT, the peptide precursor data are from the MS/MS spectra exported by the instrument control software, and a simple strategy is used for data preprocessing. They are subject to imperfections, such as redundancy, incorrect mono-isotopic masses and coarse retention time values. In the future, we plan to extract more accurate precursor information directly from the MS spectra by recovering the retention profiles and recognizing isotopic clusters of peptides. Despite these limitations mentioned above, considering the trivial cost and informative outputs of DeltAMT, we expect that it will become a routine data analysis tool in most proteomics pipelines.
